Introduction
The expectations hypothesis (EH) of the term structure of interest rates states that the yield on a bond is determined by the expected short yield over the life of the bond plus a constant risk premium. The EH is usually tested by examining whether the market's expectations of future changes in bond yields, which are implicit in the term structure of interest rates, are unbiased.
Empirical evidence from a large number of studies for different countries, different time periods and different bond maturities overwhelmingly rejects the EH. In this paper, we examine whether this failure of the EH might be accounted for by biases in investors' expectations that arise from two well known behavioral models. The first is the 'law of small numbers' (LSN), which is a type of representativeness bias (see, for example, Tversky and Kahneman, 1971) . The LSN describes the way in which individuals have a tendency to expect the moments of a population to be reflected even in short samples of data that are drawn from that population. It is motivated by experimental evidence that individuals tend to over-extrapolate from short runs of data. The second behavioral bias that we examine is 'conservatism', which builds on the widespread finding that individuals tend to be too conservative when reacting to new information. In particular, agents attach too much weight to their current beliefs and too little weight to recent news. Daniel et al. (1998) show that overconfidence in prior judgments about stocks can lead to investors giving too little weight to new public information compared to the weights that are specified by Bayes' rule. This leads to initial underreaction to new information but, over time, agents learn of their mistake and so there are subsequent revisions in expectations that are of the same sign as the initial response to the news.
The bond market offers an opportunity to directly test for the existence of these biases because the market's (risk neutral) expectation at any date for the short yield at any future date can be inferred from the term structure. We introduce a decomposition that allows us to construct both a series of expectational errors for forecasts at different horizons and a series of revisions in those expectations. The first of these components is used to test the short and long run implications of the LSN, while the second is used to test the implications of the conservatism bias.
We find systematic patterns in expectation errors and expectation revisions of the short yield for US zero-coupon Treasury securities that are consistent with both the LSN and conservatism biases. We investigate whether these biases are economically significant by examining whether a rational risk-averse investor could profitably exploit these patterns in the data. We report Sharpe ratios and Alphas from trading strategies that employ real time out-ofsample predictions of forecast errors implied by the behavioral models. We find that these strategies delivers significant risk-adjusted returns.
An alternative to the behavioral explanation investigated here, and one that has received much more attention, is that the failure of the EH is due to the assumption of a constant risk premium. If the risk premium is in fact time-varying it would not be surprising to find that the yield spread, which incorporates the risk premium, forecasts excess returns. However, the challenge is to develop an economic model that can explain the scale of the rejection of the EH. Dai and Singleton (2000) develop a statistical model of risk pricing that can explain the findings of Campbell and Shiller (1991) but they do not ground their model in economic fundamentals. Similarly, Cochrane and Piazzesi (2005) interpret their evidence that lagged yield spreads forecast excess returns as a statistical model of a time-varying risk premium but acknowledge that their results are not necessarily consistent with an economic model of risk pricing.
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A problem for any risk-based explanation is that the volatility of the risk premium would have to be considerably higher than could be obtained under plausible levels of risk aversion. Backus, Gregory and Zin (1989) use a calibrated representative agent model to show that in a standard expected utility framework there cannot be sufficient time-variation in the risk premium to explain the scale of the rejection of the EH in the Campbell and Shiller (1991) tests. Similarly, Rudebusch and Swanson (2008; page 112) conclude from an investigation of the term premium in a dynamic stochastic general equilibrium framework that "these models are very far from matching the level and variability of the term premium […] we see in the data". It may be possible to rationalize the size and volatility of the term premium under the standard expected utility paradigm if we allow for a more complex specification of risk preferences. For example, Wachter (2006) shows that, if external habit persistence is introduced in a consumption-based model, the volatility of the term premium is significantly higher and many puzzling features of the empirical evidence can be explained. Piazzesi and Schneider (2006) calibrate term premia close to those observed in practice by assuming Epstein-Zin preferences, combined with the assumption that inflation shocks are negatively correlated with consumption shocks.
Given the attention that a time-varying risk premium has received in the literature, and notwithstanding these reservations, we ask whether the results that we report, and which we interpret as evidence of behavioral biases, could be explained in this way. We examine whether variables that are known to be correlated with the risk premium could be driving the explanatory power of our measured expectation errors and revisions. We show that, while lagged yield spreads and some macroeconomic variables do indeed have significant explanatory power for excess bond returns, they are almost orthogonal to the expectation errors and revisions that we infer from the term structure. This suggests that investors are subject to behavioral biases, but at the same time are risk averse, where the risk premium is time-varying.
In the following section, we summarize the theoretical background of the EH and the decomposition of excess returns into expectations error and expectations revision components. In Section 3, we describe the LSN and conservatism biases and their testable implications for expectation errors and expectation revisions. In Section 4, we report the empirical results. In Section 5, we investigate the role of a time-varying risk premium. In Section 6, we conduct out-of-sample tests of predictability. In Section 7, we assess the economic value of the predictive power of the behavioral variables for trading strategies that exploit these biases. In Section 8 we allow for a time varying-risk premium and test whether, after controlling for risk, behavioral trading strategies earn positive excess returns. Section 9 concludes.
Theoretical Background
Consider an n-period zero coupon bond with unit face value, whose price at time t is . The yield to maturity of the bond, , satisfies the relation (1) or, in natural logarithms, (2) where and . If the bond is sold before maturity then the log mperiod holding period return, , where , is defined as the change in log price, , which using (2) can be written as
The EH states that, conditional on the current information set, the expected m-period return for two bonds of different maturities, and , should be equal for all m except for the difference in time-invariant risk premia:
where is the expectation conditional on the time-t information set, , and and are the constant m-period risk premia on the two bonds. This gives rise to a number of implications concerning the relationship between the current yield spread (the difference between the yields of long and short maturity bonds) and (a) the change in the long yield over the life of the short bond and (b) the cumulative change in the short yield over the life of the long bond. Empirical tests of these implications invariably lead to a strong rejection of the EH (see, for example, Campbell and Shiller, 1991) .
To explore the reasons behind the rejection of the EH, it is useful to recast the EH in terms of the holding period return relative to a risk free investment. By setting and in (4), we can define the excess return as the difference between the uncertain m-period return on an n-period bond (the long bond) and the certain m-period return on an m-period bond (the short bond):
Under the EH, this excess return should be unforecastable. In the equity market, tests of behavioral biases have focused on the time series properties of abnormal returns. In particular, it has been widely reported that unexpected equity returns display positive serial correlation at short horizons (momentum) and negative serial correlation at longer horizons (reversals) (see, for example, Jegadeesh and Titman, 1993) .
The evidence of momentum and reversals in equity returns is, in principle, consistent with a behavioral explanation of expectations formation. However, without further assumptions, it is not possible to directly test such an explanation in the equity market using expectation errors and expectation revisions since these are not separately identifiable in equity returns. In the bond market, however, we have the advantage that the cash flows (i.e. the coupons and the face value of the bond) are known with certainty and so we are able to decompose excess bond returns into the part due to errors in expectations about future short yields and the part due to expectation revisions about future short yields. This allows us to directly test the implications of behavioral biases for the time series properties of realized expectation errors and for the time series of revisions in expectations.
To do so, we first write the excess return in terms of expectations about the 'fundamental' short yield. By setting and in (3) and (4), we can write the yield on an nperiod bond as the sum of current and expected future short yields over the n-period life of the long bond:
(6) Substituting into (5) then leads to the following decomposition of excess returns, which is the basis for the tests of the behavioral models set out in Section 4:
Equation (7) states that, under the EH, over the life of an m-period bond, the difference between the uncertain return on an n-period bond and the certain return on the m-period bond can be decomposed into (i) the difference between the short yield at time and the market's expectation at time t of that short yield (i.e. an expectation error term), (ii) the revision in expectations between time t and time of the short yield between time and time n, the maturity of the long bond (i.e. an expectation revision term) and (iii) a constant risk premium term. Intuitively, (i) implies that, if the short yield at time is higher than expected at time t, this will result in a lower holding period return for the n period bond while (ii) implies that, if the expectation of short yields between time and time n are higher at time than at time t, then this too will depress holding period returns on the n period bond bought at time t and held until time m. Under the EH, the expected value of both the expectation error term and the expectation revision term should be zero. The evidence against the EH, which is a joint hypothesis of rational expectations and constant risk premia, can therefore be thought of as potentially arising from systematically biased expectations that give rise to predictability in the expectation errors and expectation revisions of the short yield. In the following section, we describe two behavioral models that have been used to explain such biases in the equity market.
Behavioral Models of Expectations Formation

A. The Law of Small Numbers
The Law of Small Numbers (LSN) describes the belief that a randomly drawn sample of data will reflect the characteristics of the population from which it is drawn more closely than sampling theory would predict. The LSN is related to two specific behavioral biases that have been documented in the psychology literature. The first is 'base rate neglect', which describes the finding that subjects put too little weight on the unconditional probability of observing a particular sample. The second is 'sample size neglect', which describes the finding that subjects overestimate the statistical relevance of information that is contained in the sample (see Tversky and Kahneman, 1971) . Both base rate neglect and sample size neglect cause subjects to overweight (compared to a Bayesian) the importance of a given sample of data when making inferences about the population from which it is drawn. Barberis et al. (1998) and Rabin (2002) derive the implications of the LSN for returns in equity markets and show that it results in momentum in abnormal returns in the short run, an empirical feature of equity returns that is well documented. The LSN has similar implications for the bond market. Assume that the short yield follows an autoregressive process with i.i.d. shocks and that this model is known. Under the LSN, agents will be too confident (compared to a Bayesian) that they will see equal numbers of positive and negative shocks in short samples of data. This implies that, if the shock is negative in one period so that the forecast error is negative, investors will expect the following period's shock to be positive with probability greater than 50%. Thus, their short yield forecast will be higher than is implied by the autoregressive model. However, under the true model, the next period's innovation is positive with 50 percent probability and hence investors will experience a second negative surprise with more than 50 percent probability. The LSN therefore predicts that there will be positive short run serial correlation in one-step ahead forecast errors for the short yield.
In terms of the decomposition given by (7), this bias leads to positive serial correlation in the first component of the excess return (the expectations error component), contributing to positive serial correlation in excess returns over short horizons. This leads to the following testable hypothesis:
is positively serially correlated for small values of m.
So far we have described the implications of the LSN for one-step ahead forecast errors given agents' beliefs about the model that generated the sample. But the fact that subjects tend to overweight (compared to a Bayesian) the importance of a given sample of data also has implications for how subjects revise their beliefs about the model in the light of runs of data.
If agents expect relatively small samples to closely reflect population moments then this implies that, when they observe a series of observations that do not accord with their original beliefs, they too readily interpret this as evidence that their original beliefs were incorrect. In the following section, we examine the evidence for momentum and return reversals in the bond market and report the results of testing hypotheses H 1 , H 2 and H 3 .
Empirical Evidence
A. Data
We use the synthetic monthly zero-coupon bond yields on US Treasury securities for the 
B. Evidence on Momentum and Return Reversals
We first investigate whether our sample exhibits the stylized features of short term momentum and long term return reversals that have been documented in many asset markets one period and so we test for serial correlation in m-period expectation revisions. and many countries (see for example Cutler, Poterba, and Summers, 1991; Asness, Moskowitz, and Pedersen, 2013) . In particular, we estimate the degree of serial correlation in excess holding period returns using the following regression:
where the m-period excess holding period return for an n-period bond, t,t m n , is defined by equation (7) and D t is a dummy variable that is set to one after December 1981 and zero otherwise. Table 1 reports the results of estimating regression (8) for n = 2, 3, 6, 9, 12, 24, 36, 48, 60 and 120 months and m = 1, 2, 3, 6, 9, 12, 24, 36, 48 highlights the pattern of results expected: the first column has elements that are significantly positive (consistent with short-run momentum), whereas the bottom-right triangle groups coefficients that are significantly negative (consistent with long-term reversals). In particular, for the shortest holding period of one month (in the first column), we find very significant positive serial correlation in excess holding period returns for all but the longest bond maturity. This evidence complements that of Asness, Moskowitz and Pedersen (2013) , who report strong evidence of momentum in real bond yields for one month holding periods for 10 countries. However, in contrast with Cutler, Poterba and Summers (1991) , who find 4 Note that y t m n m needs to be approximated in a number of cases due to the unavailability of the certain maturities in our dataset. Here and elsewhere in the paper, we linearly interpolate between the yields of adjacent maturities to approximate the missing yields. 5 We note that the coefficient on the dummy variable is strongly significant in most cases, suggesting the importance of the structural break. momentum in government bond returns for holding horizons of up to one year, we do not find significant evidence of momentum at horizons of longer than one month.
For longer holding periods between 24 and 120 months, there is very significant negative serial correlation in excess holding period returns for longer maturity bonds, suggesting that there are return reversals in excess holding period returns in the bond market. This is stronger evidence than reported by Cutler, Poterba and Summers (1991) , who find using US data 1960-1988 only weak evidence of negative autocorrelation at longer lags (although they do find negative autocorrelation at longer horizons for a sample of 12 other countries). The pattern of momentum and return reversals in our data is similar to that reported in U.S. equity data (see, for example, Jegadeesh and Titman, 1993) , although the horizon over which there is significant momentum in excess returns in our sample is shorter than the six to twelve months typically found in the equity market.
To conserve space, the results of estimating regression (8) for the two sub-samples are reported in the web appendix. Table A .2 reports the results for the 2008-2012 sample. As documented in the web appendix, the evidence largely confirms the existence of momentum and reversals in the two shorter periods.
[ Table 1 ]
C. Expectation Errors and the LSN
We next test the implications of the LSN for expectation errors. In Tables 2 and 3 we report the results of estimating the following regression: Table 2 reports the results of estimating (9) [ Table 2 ] Table 3 reports the results of testing the long run implications of the LSN using regression (9) with lags of m = 9, 12, 18, 24, 36, 48, 60 and 120 months. [ Table 3 ] Table 4 reports the results of the test of the conservatism bias, hypothesis H 3 , which is that expectation revisions are positively serially correlated at short lags. To test this hypothesis, we estimate the following regression: [ Table 4 ]
D. Expectation Revisions and the Conservatism Bias
m t i t m t i t t t i m t t i m t m t y E y E D y E y E                , 3 1 1 3 3 3 1 1 ) (    
Time-Varying Risk Premia
The measures of expectation errors and revisions employed in the tests reported above are inferred from the term structure under the assumption of a constant risk premium. However, if the risk premium is in fact time-varying, this will introduce measurement error into the inferred expectation errors and revisions. In this section, we examine whether the dynamic properties of expectation errors and revisions can be explained by time-variation in the risk premium. We re-estimate equations (9) and (10) adding a range of financial and macroeconomic risk factors that have been suggested as proxies for the risk premium. In particular, we consider Cochrane and Piazzesi's (2005) five forward rates, which are widely used in the recent empirical literature, and a set of standard macroeconomic variables used in prior research. These include the inflation rate ( ) as measured by the change in the log of the US CPI index, a measure of business cycle activity or output gap ( due to Cooper and Priestley (2009) , a measure of economic growth ( ) defined as the change in the log of the industrial production index, the change in the unemployment rate ( ), and a measure of bond market volatility ( ) constructed using the rolling 12-month standard deviation of the log change in the 10-year Treasury yield. 6,7 The changes are measured over the previous month.
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The augmented versions of (9) and (10) take the following form:
where and are the dependent variables from equations (9) and (10), respectively. and represent the behavioral predictors from equations (9) and (10) To save space, we report the results only for the full 1952-2012 sample. We also restrict attention to selected horizons and refer to the web appendix for full-length tables containing results for the full set of horizons considered earlier in the paper. Tables 5 and 6 report the results from estimating equation (11) Table 2 with Table 5 (and Table B .1 in the web appendix), we see that at short horizons the risk proxies substantially improve the in all three specifications and at almost all horizons. Although their significance varies between horizons their importance is nevertheless evident across the three specifications. However, it is notable that while the risk proxies are statistically significant, they appear to be approximately orthogonal to the behavioral variable. In particular the size and statistical significance of the coefficient on at the 1-month horizon is only very marginally affected, irrespective of the risk proxies used.
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[ Table 5 ]
In Table 6 (and Table B .2 in the web appendix), we see that the predictive power of the regressions improves substantially, suggesting that the risk variables do matter at long horizons. However, the significance of the FE variable is again essentially unchanged at horizons of between two and five years in both samples, irrespective of the risk proxies used.
[ Table 6 ]
The results of estimating equation (12) for horizons i = 1, 2, 3, 6, 9 and 12 months are reported in Table 7 . In Table B .3 in the web appendix, we report the results for all horizons from 1 to 12 months. The risk premium variables also appear to be important determinants of expectation revisions. However, the slope coefficient on the ER variable remains significant at all horizons except one month and across all three specifications. These results are similar to those reported in Table 4 .
[ Table 7 ]
To summarize, the explanatory power of the behavioral variables is only marginally affected by the introduction of proxies for a time-varying risk premium. Although a time-varying risk premium and behavioral models are sometimes viewed as competing explanations, there is no reason for these two models to be mutually exclusive. In particular, there is no reason why agents who exhibit behavioral biases in forming expectations should not also be risk averse in an environment where risk is time-varying.
Out-of-Sample Forecasting Performance
In this section we examine whether an investor trading in real time, with only past data available to estimate a model of expectation errors, could have exploited these behavioral biases to predict forecast errors. In this out-of-sample analysis, forecasts are generated using a recursive estimation scheme with an initial window size of 60 months. Model parameters are estimated every month using data up to month t, that is, forecast errors and revisions in month t are regressed on lagged predictors, measured in month t-m or month t-i depending on the regression used, and then out-of-sample m-step, or i-step, ahead predictions are generated using the estimated parameters and predictors measured in month t. Again, a variety of regression specifications for equations (11) and (12) are used to construct the out-of-sample forecasts.
Since our main concern is the relative performance of the behavioral variables versus the risk premium proxies, we apply two out-of-sample forecast encompassing tests to examine the incremental predictive ability of the two sets of variables. The first test is based on MincerZarnowitz (1969) regressions of the following form:
where is the time t+m forecast of the forecast error based on equation (9) and is the forecast based on equation (11) including only the risk factors. when only the CP forward rates are used as predictors, when only the macro variables are used and when both the CP forward rates and the macro variables are used. Similarly, is the predicted forecast revision based on equation (10) and is the prediction based on equation (12) including only the risk factors.
when only the CP forward rates are used as predictors, when only macro variables are used, and when both the CP forward rates and macro variables are used. We make inferences about the predictive ability of the behavioral variables and the risk proxies by comparing the relative size and significance of the slope coefficients of the competing forecasts entering equations (13) and (14).
The second test is based on the ENC-NEW statistic suggested by Clark and McCraken (2001) . The null hypothesis of the test is that the restricted model forecasts encompass the unrestricted model forecasts. To implement this test, we compare out-of-sample forecasts from an unrestricted specification of equation (11) (equation (12)) that includes both ( ) and a combination of the risk factors to those based on a restricted model that includes only the risk factors. Rejection of the null hypothesis suggests that the unrestricted model contains incremental information or, in other words, the behavioral variables contain additional information that is not contained in the risk factors. Bootstrapped critical values provided in McCraken (2001, 2005) are used to evaluate the statistical significance of the test statistic. We also report the out of sample from the above encompassing regressions.
The results of the encompassing tests are summarized in Tables 8, 9 and 10. The results reported in Table 8 show that both FE-based and risk-based forecasts have predictive power.
For both sets of forecasts, the slope coefficient is positive and significantly greater than zero at the 1-month horizon, whichever set of risk factors is used. The ENC-NEW statistic is also strongly statistically significant at the 1-month horizon for all three specifications. These results confirm that the in-sample short run LSN evidence reported in Table 5 also holds outof-sample suggesting that the risk-based models do not encompass the FE-based model.
[ Table 8 ]
The results in Table 9 confirm the evidence in favor of the long run implications of the LSN for all horizons found in Table 6 , except 60 months. The slope coefficient of the risk-based forecasts is significantly greater than zero in only one case and even turns negative in many cases, whereas the slope coefficient of the behavioral forecasts is generally significant (and positive) for horizons of 24, 36 and 48 months and, to some extent, 18 months. This suggests that the behavioral forecasts dominate the CP forecasts for these horizons. The ENC-NEW test statistic is strongly significant for horizons of 18 months and longer, providing evidence that there is incremental information in the FE variable.
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[ Table 9 ] and Panel C are slightly weaker but they nevertheless overwhelmingly reject the hypothesis that the risk-based forecasts encompass the ER-based forecasts.
[ Table 10 ]
The Economic Value of Predictability
Given that the behavioral variables forecast expectation errors and expectation revisions, both in-sample and out-of-sample, it is natural to ask whether bond market investors could have profitably exploited this predictability. In this section we report Sharpe ratios for trading rules based on the behavioral variables and risk proxies. We also assess the significance of the difference in Sharpe ratios between the different strategies using the Jobson and Korkie We produce out-of-sample forecasts of excess returns based on the same recursive procedure with a 5-year initial estimation window as in Section 6. The m-step ahead forecasts are generated recursively from the following excess return regression:
where the dependent variable is the difference between the average m-month return across n-month long bonds and the certain return on the short m-month bond and represents the excess return on the portfolio of these bonds. m is the holding horizon and we consider horizons m = 1, ..., 12, 24, 36, 48 and 60 months. collects the maturity values (in months)
for the full set of long bonds used to form the portfolios: .
The values taken by n depend on the horizon under consideration. The number of bonds used decreases with horizon: all 10 bonds are used for m = 1, the 9 bonds with maturities of 3 to 120 months for m = 2, and so on. The right hand side variables, , are either the behavioral variables or the risk proxies. The strategy that exploits expectation errors (the FE strategy) is based on forecasts from equation (15) when , as defined above, and the strategy that trades on expectation revisions (the ER strategy) is based on forecasts when .
Similarly, risk-based and strategies are based on forecasts when and ', respectively.
Once the forecasts of excess returns have been produced, we proceed to calculate the trading strategy profits. Under Strategy A, the profits are when the portfolio's predicted excess return is positive, and when the portfolio's predicted excess return is negative. Under Strategy B, the profits are calculated as: (16) where the size of the position is equal to , expressed as an annual percentage to be consistent with Cochrane and Piazzesi (2005) . If the sign of the portfolio's excess return is correctly predicted, Strategy B results in a profit, otherwise it results in a loss.
The trading rule profits from the two strategies are thus a multiple of $1 each month.
After calculating the time series of the out-of-sample trading rule returns for the various strategies, we evaluate their performance using Sharpe ratios. We also assess the significance of the difference in Sharpe ratios between the behavioral strategy and the two risk-based strategies using the corrected Jobson and Korkie (1981) test. 13 Given that our trading rule returns are serially correlated, we pre-whiten the time series by fitting appropriate ARMA models prior to performing the test. Strategy B, again, the FE strategy always achieves a higher Sharpe ratio than the risk-based benchmarks but the differences in performance are generally larger than under Strategy A.
The difference in Sharpe ratios between the FE strategy and both the CP and CP+Macro strategies is statistically significant for all horizons.
[ Table 11 ] Panel B of Table 11 presents the results for the ER strategy against the risk-based strategies for horizons m = 2 to 12 months. We can see from both panels that the Sharpe ratios of the ER strategy exceed those of the risk-based strategies in most cases. For Strategy A, the results are mixed for horizons up to 6 months. Comparing the results of the ER strategy with those of the CP strategy, we see that the ER strategy has higher Sharpe ratios for all horizons, although the differences are significant only at horizons longer than 6 months. However, the Shape ratios of the ER strategy are significantly higher than the CP+Macro strategy in all cases except 2 and 4 months. The results for Strategy B present a stronger picture: the ER strategy 13 We also employ the robust studentized time series bootstrap procedure of Ledoit and Wolf (2008) using a grid of block sizes that includes the value of the overlap of the data. The results are qualitatively similar to those of the Jobson and Korkie (1981) test.
achieves higher Sharpe ratios in all cases and the differences are all statistically significant. 14 Overall, the superior performance of the behavioral strategies suggests that the predictive ability of the behavioral variables is robust and that trading on the basis of expectation errors and revisions would add economic value beyond that which would be expected in compensation for risk.
Factor Mimicking Portfolios and Strategy Alphas
To further check the robustness of our results, we construct portfolios mimicking the risk factors and directly test whether the alphas of our behavioral strategies with respect to these mimicking portfolios are significantly different from zero. Factor mimicking portfolios are estimated by projecting each original (non-traded) risk factor onto the span of tradable asset returns. We construct six mimicking portfolios, one for each of our five macro variables and one for the CP factor. Only one portfolio is constructed to mimic the information in the CP forward rates. The CP single forward-rate factor (see Cochrane and Piazzesi (2005) ), which is a linear combination of the forward rates, is used as the original risk factor in the construction. The single factor, denoted CPF, is estimated out-of-sample recursively and measured at the one-month horizon. Regarding the choice of base assets, we consider six equity portfolios and two bond portfolios from the wide range of assets commonly used in the related literature. The equity portfolios are the six Fama-French benchmark portfolios sorted on size and book-to-market and the bond portfolios include a portfolio of intermediate 14 We also extended the analysis to calculate the utility-based certainty equivalent (CE) return gains for each strategy (see, for example, Brennan and Xia (2004) and Campbell and Thompson (2008) 
where is a vector that collects the monthly excess returns of the base assets, is the intercept and is an vector of slope coefficients. We normalize the sum of the portfolio weights to one in each case. The monthly return on the mimicking portfolio for risk variable is then given by:
.
Once we have the factor mimicking portfolio returns, we evaluate the performance of our behavioral strategies using the alphas from time-series regressions of the following form:
where denotes the out-of-sample trading rule returns for strategy for a horizon of m months, denotes the excess returns on a portfolio of long-term Treasury 15 The six Fama-French portfolio returns are downloaded from Kenneth French's data library.
In unreported results, we also incorporate industry sorted portfolios, a momentum portfolio and the US stock market portfolio (the CRSP value-weighted index of all stocks). The results are similar to those reported below when we use different permutations of the expanded set of base assets. 16 Note that, in estimating the portfolio that mimics CPF, we drop the intermediate bond porfolio that includes 2-5 year bonds which also enter the calculation of CPF. Excluding the long bond portfolio as well generates similar results. 17 Including a set of control variables (the term spread, default spread, short rate, dividend yield, lagged inflation, lagged growth and lagged stock market return) has little effect on the results.
bonds measured over the same m-month horizon (used as a proxy for the bond market portfolio) and is a vector containing the monthly mimicking portfolio returns, . is the intercept (alpha), is the slope coefficient on and is a vector of slope coefficients for the mimicking portfolios. 18 In unreported results, we analyze the correlations between the mimicking portfolios and the original risk variables. The absolute correlations range from 0.10 to 0.25, which are consistent with the values reported in the literature. We also examine the correlations between the returns on the six mimicking portfolios. The absolute correlations range from 0.45 to 0.94. In order to avoid multicollinearity, we ensure that no correlation coefficient between the mimicking portfolios included in the regressions exceed a value of 0.8 and this is achieved by dropping and . Furthermore, an examination of the mean-variance properties of the mimicking portfolios reveals that the mimicking portfolios are located much closer to the tangency portfolio than are the base assets. This is reflected in the higher Sharpe ratios of the mimicking portfolios.
[ Table 12] Owing to space constraints, we report results only for the long/short strategy that involves holding one unit of a portfolio of long bonds and shorting one unit of the short bond if the portfolio's predicted excess return is positive, and vice versa (Strategy A). It is worth noting that the results are much stronger for both FE-and ER-based strategies when the size of the 18 We perform further sensitivity checks on our results. While the mimicking portfolios in the paper use fixed weights, we also construct mimicking portfolios with time-varying weights (see, for example, Ferson and Harvey (1991) ). We also experimented with alternative horizons over which the risk variables and the base asset returns are measured, in particular by matching the holding horizons of our trading strategies. We also estimated a variety of specifications for equation (19), with and without the excess returns on long bonds: for example, we introduce each mimicking factor by itself as well as evaluate the role of the macro portfolios separately from the CP portfolio. The main conclusions that we draw from the wide array of sensitivity analyses are unaltered. These results are available from the authors.
long or short position in a portfolio of long bonds varies with the portfolio's predicted excess return (Strategy B). Panel A of Table 12 presents the results of estimating equation (19) for the FE-based strategy for holding horizons m = 1, 2, 3, 6, 9, 12, 24, 36, 48, and 60 months.
The bond market portfolio does very well in capturing the variation in the strategy returns.
The beta estimates are positive and highly significant for horizons up to 24 months.
Regarding the contribution of the portfolios constructed to mimic the risk factors related to CP and macroeconomic factors, a similar picture to the results reported in Tables 5-6 emerges. The loadings on the mimicking portfolios are significant in several cases, at least at the 10% level. , and appear to be the most relevant return factors. Despite their importance, the bond market factor and the mimicking portfolios leave a significant fraction of the FE-strategy returns unexplained. The estimated alphas are strongly significant in all cases and in the range of 1.0% to 1.6% per annum in the majority of cases.
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In Panel B of Table 12 , we present the results for the ER-based strategy for horizons m = 2 to 12 months. Again, the bond market factor proves to be important and the evidence on the explanatory power of the mimicking portfolios resembles that evinced in Table 7 . The alphas are positive for all horizons, although statistically significant only for horizons of five to 12 months.
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Conclusion
There is overwhelming evidence that the expectations hypothesis (EH) does not describe how long yields are determined in practice. In this paper, we explore the possibility that the EH fails because short yield expectations are subject to behavioral biases. To explore this idea, we test the specific biases that have been invoked to explain the stylized features of short-19 Strategy B produces alphas ranging between 2.5% and 3.5% per annum in most cases. 20 Again, Strategy B generates much larger alphas (between 0.9% and 1.5% per annum) and strongly significant across all horizons.
term momentum and long-term return reversals in equity returns. We focus on the LSN and the conservatism biases and derive the testable implications of these biases for expectations in the bond market. In contrast with the equity market, where the markets' expectations of earnings at specific dates cannot be inferred directly from stock prices, investor's expectations of the short yield can be inferred from the term structure of interest rates. The bond market therefore offers a valuable opportunity to directly test the implications of behavioral biases for expectation errors.
We find evidence for both of these biases, both in the full sample from 1952 to 2012 and in shorter, more recent samples following the structural break in bond yields in 1981, and following the financial crisis of 2007. Widely accepted proxies for the time-varying risk premium do have explanatory power in our model but they do not alter the verdict on the presence of behavioral biases. It appears that investors have expectations that are subject to behavioral biases but they are also risk averse and the risk premium they require is timevarying.
We also show that the biases could have been profitably exploited. We find that trading strategies based on behavioral variables deliver higher Sharpe ratios than strategies based on widely used proxies for a time varying risk premium. We also find positive alphas with respect to mimicking portfolios that are based on these risk proxies.
There is still much work to be done in the ongoing debate between risk-based and behavioral interpretations of anomalies. One interesting direction that has recently received attention is to examine whether the scale of anomalies is reduced where there is evidence of participation by more sophisticated investors. For example, are anomalies stronger in less developed markets or when risk capital mobility is lower, assuming mobile capital is in the hands of more sophisticated investors? Potì and Siddique (2013) Identifying that the failure of the EH is due to behavioral biases implies excess volatility in bond returns relative to the volatility of the short yield. Since such excess volatility can have real welfare costs, it is of interest to policy makers to consider how this volatility might be damped. The role of expectation errors that we identify suggests an important role for managing expectations so that these errors are minimized. If "forward guidance" by central banks reduces expectation errors then it will serve to reduce the importance of this source of excess volatility in returns. Once sufficient data has accumulated from regimes where "forward guidance" has been active, it will be interesting to consider its impact on expectation errors and the attendant behavioral biases. 3, 6, 9, 12, 24, 36, 48, 60 and 120 months, and holding periods m = 1, 2, 3, 6, 9, 12, 24, 36, 48 and 60 months. The first number in each set is the estimate of the slope coefficient for the corresponding maturity (n) and horizon (m) combination. The constant term and the coefficient on the dummy are not reported. The figure in parentheses below each coefficient estimate is the Newey and West (1987) corrected t-statistic. ** and * indicate significance at the 5% and 10% levels, respectively. The sample period is from 01/1952 to 12/2012. (9) is the adjusted R-squared. ** and * indicate significance at the 5% and 10% levels, respectively. (9) is the adjusted Rsquared. ** and * indicate significance at the 5% and 10% levels, respectively. (10) is the adjusted R-squared. ** and * indicate significance at the 5% and 10% levels, respectively. Notes: The table reports the results of estimating regression (11) in the main text. Results are reported for horizons m = 1, 2, 3 and 6 months. Panel A reports results for the specification including the five CP forward rates only ( , , , , ). Panel B reports results for the specification including the macro variables only: the inflation rate ( ), a measure of output gap ( , a measure of economic growth ( ), the change in the unemployment rate (Δ ), and a measure of bond market volatility ( . Panel C reports results for the specification including both the CP forward rates and the macro variables. D is a dummy variable that is set to one after December 1981 and zero otherwise. The figure in parentheses below each coefficient estimate is the Newey and West (1987) corrected t-statistic. is the adjusted R-squared. ** and * indicate significance at the 5% and 10% levels, respectively. The sample period is from 01/1952 to 12/2012. , , , ) . Panel B reports results for the specification including the macro variables only: the inflation rate ( ), a measure of output gap ( , a measure of economic growth ( ), the change in the unemployment rate (Δ ), and a measure of bond market volatility ( . Panel C reports results for the specification including both the CP forward rates and the macro variables. D is a dummy variable that is set to one after December 1981 and zero otherwise. The figure in parentheses below each coefficient estimate is the Newey and West (1987) corrected t-statistic.
is the adjusted Rsquared. ** and * indicate significance at the 5% and 10% levels, respectively. The sample period is from 01/1952 to 12/2012. 
. Panel B reports results for the specification including the macro variables only: the inflation rate ( ), a measure of output gap ( , a measure of economic growth ( ), the change in the unemployment rate (Δ ), and a measure of bond market volatility ( . Panel C reports results for the specification including both the CP forward rates and the macro variables. D is a dummy variable that is set to one after December 1981 and zero otherwise. The figure in parentheses below each coefficient estimate is the Newey and West (1987) corrected t-statistic.
is the adjusted R-squared. ** and * indicate significance at the 5% and 10% levels, respectively. The sample period is from 01/1952 to 12/2012. (9), , with those based on the estimation of equation (11) including only the risk factors, .
when only the CP forward rates are used as risk factors, when only the macro variables are used and when both the CP forward rates and the macro variables are used. The figure in parentheses below each coefficient estimate is the Newey and West (1987) corrected t-statistic. is the adjusted R-squared. ** and * indicate significance at the 5% and 10% levels, respectively. The column labeled "ENC-NEW" reports the encompassing test statistic of Clark and McCraken (2001) . The test compares out-of-sample forecasts from an unrestricted specification of equation (11) in the main text that includes both and risk factors, to those based on a restricted model that includes only the risk factors. ENC-NEW statistics that are statistically significant at the 5% level on the basis of bootstrapped critical values provided in McCraken (2001, 2005) are in bold. The sample period is from 01/1952 to 12/2012. = 6, 9, 12, 18, 24, 36, 48, 60 and 120 months. Panel A reports results of forecast comparisons when only the CP forward rates are used as risk factors, Panel B when only the macro variables are used, and Panel C when both the CP forward rates and the macro variables are used. The first four columns of each panel reports the results of estimating the Mincer-Zarnowitz regression (13) in the main text. The test compares the out-of-sample forecasts of forecast errors based on the estimation of equation (9), , with those based on the estimation of equation (11) including only the risk factors, . when only the CP forward rates are used as risk factors, when only the macro variables are used and when both the CP forward rates and the macro variables are used. The figure in parentheses below each coefficient estimate is the Newey and West (1987) corrected t-statistic.
is the adjusted R-squared. ** and * indicate significance at the 5% and 10% levels, respectively. The column labeled "ENC-NEW" reports the encompassing test statistic of Clark and McCraken (2001) . The test compares out-of-sample forecasts from an unrestricted specification of equation (11) in the main text that includes both and risk factors, to those based on a restricted model that includes only the risk factors. ENC-NEW statistics that are statistically significant at the 5% level on the basis of bootstrapped critical values provided in McCraken (2001, 2005) are in bold. The sample period is from 01/1952 to 12/2012. (10), , , with those based on the estimation of equation (12) 2, 3, 6, 9, 12, 24, 36, 48 , and 60 months and Panel B for ER-based strategy for holding horizons m = 2 to 12 months. denotes the excess returns on a portfolio of long-term Treasury bonds measured over m-month horizon.
represents the monthly return on the mimicking portfolio for risk variable CPF, , , Vol, where CPF is the CP forward-rate factor, is the inflation rate, is a measure of economic growth and is a measure of bond market volatility. Intercept (the regression constant) is the time-series alpha, expressed in percent per year. The figure in parentheses below each coefficient estimate is the Newey and West (1987) corrected t-statistic. is the adjusted R-squared. ** and * indicate significance at the 5% and 10% levels, respectively. The sample period is from 01/1952 to 12/2012.
